Abstract. Three-dimensional ultrasound segmentation of mitral valve (MV) at diastole is helpful for duplicating geometry and pathology in a patient-specific dynamic phantom. The major challenge is the signal dropout at leaflet regions in transesophageal echocardiography image data. Conventional segmentation approaches suffer from missing sonographic data leading to inaccurate MV modeling at leaflet regions. This paper proposes a signal dropout correction-based ultrasound segmentation method for diastolic MV modeling. The proposed method combines signal dropout correction, image fusion, continuous max-flow segmentation, and active contour segmentation techniques. The signal dropout correction approach is developed to recover the missing segmentation information. Once the signal dropout regions of TEE image data are recovered, the MV model can be accurately duplicated. Compared with other methods in current literature, the proposed algorithm exhibits lower computational cost. The experimental results show that the proposed algorithm gives competitive results for diastolic MV modeling compared with conventional segmentation algorithms, evaluated in terms of accuracy and efficiency.
Introduction
Mitral valve (MV) disease affects about 2.5% of the general population and MV regurgitation is the most prevalent form of the disease. 1 MV repair under ultrasound guidance is generally the preferred option, but almost one third of patients with MV repair develop recurrent moderate or severe mitral regurgitation. To increase the successful rate of patient MV repair, delineating patient-specific MV model is beneficial for both planning and training clinicians to visualize and quantify MV morphology and motion. 2, 3 Reconstructing patient-specific MV models is a complicated task. To adequately validate a surgical MV repair, a physical simulator/trainer replicating the dynamic and irregular motion of the MV leaflet and its subvalvular apparatus (chordae tendinae and papillary muscles) was developed. 4 The reconstructed model used in this simulation is capable of replicating the various forms of the patient-specific pathology and surgical MV repair. 5 Accurate image segmentation techniques are useful for modeling the patient-specific MV from the limited quality of clinical transesophageal echocardiography (TEE) image data. There are two conventional image segmentation approaches: the active contour (AC) segmentation proposed by Chan and Vese, 6, 7 and the continuous max-flow (CMF) segmentation proposed by Yuan et al. 8 In recent years, these segmentation approaches have been successfully applied to ultrasound images. For example, Kuo et al. 9 proposed a segmentation method for three-dimensional (3-D) breast ultrasound images. Rajchl et al. 10 proposed a hierarchical max-flow segmentation framework for multiatlas segmentation and further studied real-time four-dimensional (4-D) ultrasound segmentation with a CMF approach. 11 Baxter et al. 12 analyzed an optimization-based interactive segmentation interface for multiregion problems. Bersvendsen et al. 13 proposed a semiautomated segmentation for 3-D echocardiography. These image segmentation methods provide the practicality of MV quantification by 3-D TEE, but MV leaflet segmentation is challenging due to irregular leaflet motion throughout cardiac cycle. In the systolic phase, the MV is closed, both the anterior leaflet and posterior leaflet are coapted, appearing as a single contiguous tissue in sonography. In the diastolic phase the MV is open; however, the posterior leaflet often opens toward the direction of the ultrasound waves, which causes signal dropout at leaflet regions in TEE image data. As a result, conventional segmentation approaches often suffer from missing sonographic data leading to the inaccurate construction of the MV model. Several significant works in recent literature are focused on these challenging issues on MV leaflet segmentations. Curiale et al.
14 presented a robust detection scheme to initialize a multicavity segmentation approach without any user interaction. Sotaquira et al. 15 presented a semiautomatic method for mitral annulus and mitral leaflets segmentation using a nine-point user interaction to characterize the MV morphology. Schneider et al. 16, 17 proposed a mitral annulus segmentation algorithm for closed MVs and further proposed an multistage method for segmenting the open mitral leaflets in 3-D TEE datasets. Their method combines the CMF approach, AC approach, and the constrained optical flow approach to track the mitral annulus together. Based on a large database of manually labeled images, Ionasec et al. 18 presented an automatic segmentation method for segmenting and tracking the aortic and mitral leaflets. Pouch et al. 19 proposed an automatic segmentation of the mitral leaflets using multiatlas joint label fusion and deformable medial modeling. Although these segmentation methods were reported to be effective, they suffer from issues including computational costs 16, 17, 19 and relatively low segmentation accuracy. 14, 15 The objective of this paper is to develop an effective segmentation method for delineating diastolic MV at leaflet regions from 3-D ultrasound. To achieve this, we first present a signal dropout correction approach to recover incomplete segmentation information. We then propose a signal dropout correction-based segmentation algorithm for diastolic MV modeling. Because the signal dropout regions of TEE image volumes can be accurately estimated by the proposed signal dropout correction, the MV model is better reconstructed due to avoiding missing segmentation information. Moreover, the proposed algorithm has relatively low computational cost comparing with previous MV segmentation algorithms in recent literature. 16, 17, 19 Finally, experimental results demonstrate that the proposed algorithm provides more accurate MV models at leaflet regions than the conventional algorithms.
Methods

Conventional Segmentation Methods
The CMF and the AC are two popular image segmentation algorithms and often used in ultrasound image segmentations. For CMF, the associated optimization formulation for image IðxÞ is given by E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 6 3 ; 4 3 0 min uðxÞ∈½0;1
where uðxÞ is the labeling function of the corresponding image domain Ω, ∇uðxÞ is the gradient of uðxÞ, j · j is the modulus operation, C t ðxÞ denotes the labeling cost function w.r.t the corresponding region, C s ðxÞ denotes the labeling cost function w.r.t the respective background region, and wðxÞ ≥ 0 is a weighting function. Compared with the AC segmentation approach, the CMF segmentation method is a faster segmentation method without initial point requirement, whereas the AC segmentation method can provide a relatively smooth segmentation result. Although these two segmentation methods are somewhat effective, they may result in missing segmentation when directly applied to diastolic MV images. The major reason is that MV TEE images at diastole suffer from signal dropout so that information necessary for the segmentation used by conventional algorithms is usually incomplete. Consequently, the incomplete diastolic MV models are delineated, with regions of signal dropout interpreted as regions with no valve tissue.
Signal Dropout Correction
To reconstruct an MV model from diastole data, we first propose a signal dropout correction method for estimating the missing segmentation information. Assume there is at least an image slice with signal dropout in each 3-D TEE image to be segmented. E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 3 2 6 ; 5 4 3 min uðxÞ∈f0;1g
where fðxÞ ∈ f0;1g is a given binary image. It was shown that for any input binary image fðxÞ, there exists at least one global optimum function uðxÞ ∈ f0;1g. Moreover, Eq. (2) can be solved by means of relaxing uðxÞ ∈ f0;1g to uðxÞ ∈ ½0;1. Let fðxÞ ¼ u Ã 1 ðxÞ and let uðxÞ ¼ u Ã 2 ðxÞ þ ϕðxÞ. Then, Eq. (2) can be rewritten as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 3 ; 3 2 6 ; 4 3 2 min ϕðxÞ∈½0;1
Combining Eq. (3) and constraints D½u Ã 2 ðxÞ þ ϕðxÞ ≤ 2 as well as ϕðxÞ ∈ Φ d , we propose a signal dropout correction method for estimating the incomplete segmentation information by solving E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 4 ; 3 2 6 ; 3 1 6 min E 4 ðϕÞ¼
The optimization Eq. (4) can be converted into E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 5 ; 3 2 6 ; 2 4 5 min
where β > 0 is a weight parameter. Furthermore, because Φ d is a finite set, we have E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 6 ; 3 2 6 ; 1 3 4
As an illustrative example shown in Fig. 1 , we see that ϕ Ã ðxÞ ¼ ϕ Ã 1 ðxÞ. By discretizing the integration defined in Eq. (5), we present a signal dropout correction algorithm described in Algorithm 1, where the initial objective value is given by E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 7 ; 6 3 ; 5 6 0 c 0 ¼
Since the labeling function set Φ d has fewer elements, the proposed signal dropout correction algorithm has a low computational cost. When performing Algorithm 1, we use the difference quotient formula of numerical differentiation for the computation of ∇uðxÞ.
Proposed Algorithm
Using Algorithm 1, we first find the signal dropout region and its labeling function ϕ Ã ðxÞ. We then fuse neighboring images for MV image correction. A fast image fusion approach is developed based on the weighted average of the images to be fused. For example, Dwork et al. 21 presented a constrained least squares image fusion algorithm for color image fusion. We here introduce an adaptive image fusion method for MV image correction using ϕ Ã ðxÞ as an adaptive weight function, where the corrected MV image is given by E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 8 ; 6 3 ; 3 1 8Î 2 ðxÞ ¼ ½1 − ϕ Ã ðxÞI 2 ðxÞ þ ϕ Ã ðxÞI 1 ðxÞ:
Compared with other fusion methods, [21] [22] [23] [24] our fusion method uses an adaptive weight function.
By combining the CMF method, the AC method, and signal dropout correction method and the image fusion formula defined in Eq. (8), we propose a signal dropout correction-based segmentation algorithm presented in Algorithm 2.
Computational Cost
Algorithm 1 only requires the computation of a few objective function values fc j g and thus the proposed Algorithm 2 for MV image segmentation has the same computational cost as the CMF + AC segmentation algorithm. Therefore, the proposed segmentation algorithm for diastolic MV models has lower computational cost than existing segmentation algorithms.
16,17,19
3-D Modeling
Using the proposed algorithm, the segmentation of diastolic TEE image data can be obtained. We then use this segmentation to replicate a physical model capable of mimicking the dynamic behavior of the actual valve. To do this, the segmented polydata are loaded into CAD software (SpaceClaim2016.1, ANSYS Inc.), where we create a profile of the atrial side of the valve (the surface proximal to the TEE probe, and hence the most accurate representation of the valve shape). This profile is integrated into the CAD model of a mold for creating physical replicas. Then, the valve profile is 3-D printed using an inexpensive hobby 3-D printer (Ultimaker2, the Netherlands) and integrated into the mold. We are then able to paint a layer of silicone onto the mold, integrating nylon chordae tendinae into the silicone, based on the most probable attachment locations as indicated by our original segmentation. Finally, the patient-specific valve replicas are placed in a dynamic heart phantom for comparison with actual patient data. 
Experimental Results
To demonstrate the performance of the proposed method, we applied the proposed combinational segmentation algorithm and the conventional segmentation algorithm based on CMF and active contour (CMF + AC) approach to patient TEE volumes. The experiments were conducted in MATLAB R2016a on a Windows 10 64-bit desktop with an Intel i7-4770 CPU. The MV models were constructed using 3-D Slicer version 4.6.2.
Image Acquisition
The patient images were gathered with Research Ethics Board approval. All patients involved in this study were diagnosed with varying degrees of MV regurgitation. In this study, we collected MV 3-D TEE image data of 10 patients using Philips iE33. The size of each 3-D TEE image was acquired at ∼200 × 200 × 200 voxels with an isotropic resolution of 0.3 to 0.5 mm.
Evaluation Metrics
To quantify algorithm performance, our algorithm was evaluated using three metrics: dice similarity coefficient (DSC), mean absolute surface distance (MAD), and maximum absolute surface distance (MAXD). The manual segmentation result of each image was used as the ground truth. The manual segmentation was performed by the director of cardiac aneshesia program at our local hospital who has over 10 years of experiences in preoperative TEE.
Results
To illustrate algorithm performance, the 3-D TEE images at diastole were selected by our collaborating clincian for analysis and comparison. First, we initialized the TEE image data as the volume of interest and then performed the proposed segmentation algorithm and the CMF + AC segmentation algorithm. Table 1 shows the quantitative results for 10 patient images, described as mean AE standard deviation. From Table 1 , we see that the proposed segmentation algorithm improved the accuracy in terms of evaluation values: DSC, MAD, and MAXD, comparing with the CMF + AC algorithm. In contrast to existing segmentation results of MV images with signal dropout, 10,13 our segmentation results gave further improvement. As an example shown in Fig. 2 , we selected four MV images with signal dropout from three patients, where Figs. 2(a) and 2(d) were from the same patient. Figures 2(b) , 2(e), 2(h), and 2(k) displayed the segmentation results obtained by the CMF + AC approach. Figures 2(c) , 2(f), 2(i), and 2(l) displayed the segmentation results obtained by the proposed segmentation algorithm. We see that the proposed method successfully segmented the mitral leaflets, specially for signal dropout regions. In comparison, the CMF + AC algorithm gave incomplete segmentation, since the signal dropout was not corrected. Finally, the segmentation results obtained from both methods were 3-D reconstructed and displayed in Fig. 3. Figures 3(a), 3(c) , and 3(e) displayed three MV models obtained by the CMF + AC approach. Figures 3(b) , 3(d) , and 3(f) displayed three MV models obtained by the proposed segmentation method. We observed that the three models yielded by the CMF + AC approach had holes on leaflet regions, whereas the models yielded by the proposed algorithm had no holes on the leaflets and appeared to be more smooth and intact.
Conclusion and Future Work
In this study, a segmentation method for delineating diastolic MV model was proposed. The proposed method utilized signal dropout correction, image fusion, CMF segmentation, and AC segmentation techniques in conjunction. Because the proposed method successfully estimated signal dropout regions of TEE image data, incomplete segmentation information was avoided and thus the MV model was correctly duplicated. Compared with conventional image segmentation algorithms for diastolic MV model at leaflet regions, the proposed segmentation algorithm has relatively low computational cost. In Ref. 16 , the closed value was segmented by first finding the thin leaflet tissue and then finding the thin-thick tissue junction, where the CMF + AC approach was used twice. In Ref. 17 The experimental results on 10 patient images confirmed that the proposed method achieved a mean DSC of 92.5% AE 3.6%, an MAD of 0.29 AE 0.17 mm, and an MAXD of 3.98 AE 1.67 mm, respectively. The proposed segmentation algorithm successfully segmented the mitral leaflets, including the signal dropout region. Moreover, a 3-D rendered patient modeling test also demonstrates that the proposed segmentation algorithm gave more accurate MV models, in contrast to CMF + AC segmentation algorithm. All computed results showed that the proposed method can significantly improve the CMF + AC segmentation algorithm for diastolic MV models.
The proposed algorithm was implemented in MATLAB and the mean segmentation time for all the patient images is about 3 min. The computational time will be greatly reduced through parallel implementation in C++ using GPU.
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